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Abstract 
It is widely recognised that findings from experimental studies should be replicated before their 
conclusions are accepted as definitive. In many research areas, synthesis of results from multiple 
studies is carried out via systematic review and meta-analysis. Some fields are also moving away 
from Null Hypothesis Significance Testing, which uses p values to identify ‘significant’ effects, 
towards an estimation approach concerned with effect sizes and confidence intervals. This review 
argues that these techniques are underused in biofouling and antifouling research and discusses 
potential benefits of their adoption. They enable comparison of test surfaces even when these are not 
tested simultaneously, and allow results from repeated tests on the same surfaces to be combined. 
They also enable the use of published data to explore effects of different variables on the functioning 
of antifouling surfaces. Antifouling researchers should consider using these approaches and reporting 
results in ways that facilitate future research syntheses. 










The term biofouling refers to the unwanted accumulation of biological organisms on surfaces. 
This can be a substantial problem in several contexts, most notably in dentistry and medicine 
(Harding & Reynolds 2014; Deshpande et al. 2015; Song et al. 2015), water handling and 
purification systems (Bogler et al. 2017; Jiang et al. 2017), and the maritime sector (Coutts & 
Taylor 2004; Gollasch 2002; Schultz 2007). Control of biofouling in these diverse contexts 
can be achieved using ‘antifouling’ surfaces, which use various mechanisms to reduce 
settlement, adhesion, and growth of biofouling organisms. The need for improvements to 
existing technologies means that antifouling research is a well-established and active sub-
discipline; over 1000 relevant peer-reviewed articles were published in 2017 alone (Scopus 
database search for terms ‘antifouling’ OR ‘anti-fouling’, limited to 2017, conducted 
15/06/2018). Many of these publications describe the design, formulation, and testing of 
antifouling surfaces. Typically, such tests can serve two functions: firstly they act as simple 
indicative tests of the antifouling characteristics of candidate surfaces, and secondly they can 
contribute to the fundamental understanding of biofouling and the factors underlying 
successful biofouling control. 
With such a large body of literature, bringing together relevant research to create a coherent 
synthesis is challenging, particularly where studies are not in agreement. In common with 
other fields, knowledge is usually synthesised via ‘narrative reviews’. However, narrative 
reviews suffer from a range of limitations and biases which have been discussed in the 
literature from other fields (Koricheva & Gurevitch 2013). Briefly, narrative reviews are not 
necessarily systematic in their survey of the literature, do not lead to quantitative estimates, 
usually do not have specified criteria for deciding which studies to include and which to 
exclude, and rely on personal judgement to arbitrate among papers with apparently 
contradictory findings.  
In other fields this has led to the adoption of two complementary techniques: systematic 
review, and meta-analysis. Systematic review is the use of specific protocols for searching 
the literature, selecting studies, and harvesting the relevant data (Pullin & Stewart 2006); this 
means that the process can be repeated to verify findings and extend reviews with additional 
data. The term ‘meta-analysis’ refers more specifically to statistical methods for the analysis 
of data from multiple sources, enabling the integration of results from studies carried out at 
different times, even using potentially different methods. Modern meta-analysis methods 
mostly originated in the medical and sociological sciences (Hunt 1997), but are now 
becoming common in other fields, including ecological and environmental sciences (Stewart 
2010). Underpinning meta-analysis methods are ‘effect size measures’, which describe the 
magnitude of the effect of a treatment relative to a control. 
Null Hypothesis testing versus the ‘estimation approach’ 
Conventional statistical analyses often follow the Null Hypothesis Significance Testing 
(NHST) approach. Briefly, this relies on the formulation of a statistical null hypothesis 
followed by a statistical test, which generates a p value.  The difference between two samples 
is regarded as statistically significant if the calculated p-value falls below a preselected 
threshold level, α, which is usually set at 0.05. 
Criticism of this approach is far from new (Rozeboom 1960; Cohen 1994) and there is a large 
and growing literature on the merits and limitations of NHST (Amrhein & Greenland 2018; 
Benjamin et al. 2018). This debate is beyond the scope of this review, but one relevant 
criticism of p values is that they are rather uninformative. They show whether or not any 
observed differences are ‘statistically significant’, but they provide no information about the 
size or importance of the observed differences (Gardner & Altman 1986). In the context of 
antifouling studies, they merely specify whether one surface performs better than another 
under a particular test regime. This does not necessarily aid detailed comparison of the 
relative performance of different antifouling surfaces, and p values cannot be related to 
surface properties in any meaningful way.  
In contrast, the estimation approach is mainly concerned with estimating the magnitude of 
differences (‘effect sizes’) between different treatments, along with confidence intervals 
which represent the uncertainty associated with those estimates (Gardner & Altman 1986). 
This is sometimes referred to as ‘the New Statistics’ (Cumming 2012) even though the 
methods are not themselves particularly new (for example see Rothman 1978). These effect 
size measures and their confidence intervals are more informative than p values for 
comparing test results for different antifouling surfaces and understanding the effect of 
differences in surface properties.  
Effect size measures for comparing test surfaces 
Nearly any conceivable measure can be considered an ‘effect size’ in the broadest sense 
(Cumming 2012); for example, the mean proportion of barnacle cyprids settling on a surface, 
or the percent removal of biofilm on a surface exposed to shear stress. However, these types 
of measures are not useful for comparing antifouling properties except among surfaces that 
are tested simultaneously. This is because of several factors, including sampling error, 
variations in methodologies, differences in environmental conditions, differences in densities 
of cultured micro-organisms used in assays, and inherent variation in settlement behaviour. 
For example, barnacle cyprid settlement can vary substantially from one experiment to the 
next, even on identical surfaces (Figure 1).  
[FIGURE 1 HERE] 
To account for this variation among experiments, effect sizes are usually calculated based on 
the difference between a set of samples and some other ‘control’ group. Indeed, the term 
‘effect size’ is usually used in this more restrictive sense. Fortuitously, many antifouling 
studies are conducted in a way that enables calculation of effect sizes, since it is common 
practice to include one or more standard surfaces for comparison. Most commonly, glass, 
polystyrene, or polydimethylsiloxane (PDMS) are included as standards. If samples tested on 
different occasions, or by different groups, are tested alongside the same standard surfaces, 
this can allow comparisons among studies. Although different types or batches of the ‘same’ 
standard surface may differ in some surface properties (different laboratories may use 
different PDMS blends, or create their standard surfaces differently), these variations could 
be accounted for. Side-by-side experimental comparison of different batches of a standard 
could allow simple adjustment of antifouling test data, or the potential use of slightly 
different standard types by different research groups could be accounted for in more 
sophisticated meta-analysis models (see below). 
[TABLE 1 approximately here] 
There are three main effect size measures that are likely to be useful for antifouling research 
(Table 1). The simplest is the ‘raw mean difference’: the difference between the means for a 
test surface and the chosen standard. This has the benefit that it is on the same scale as the 
original measurements, making it very simple to interpret. However, this measure can only be 
used when the range of possible values does not differ substantially among studies and where 
similar measurement methods and scales are used. In studies of diatom adhesion on surfaces, 
some authors use fluorescence intensity as a proxy for diatom density (eg. Sokolova et al. 
2012), whereas others use direct counts of cell numbers (eg. Mieszkin et al. 2012); added to 
the usual expected variation among studies, this can lead to differences of as much as three 
orders of magnitude in diatom density measures. Clearly a simple comparison of mean 
differences is not appropriate in these circumstances. 
The solution to this problem is the use of standardised mean differences. The most commonly 
used are the Cohen’s d family of effect size measures, which are calculated by dividing the 
mean difference by the pooled standard deviation of the control and test samples. This 
expresses the difference between samples in multiples of the standard deviation and therefore 
represents a common currency for comparison among experiments even where measurement 
scales differ substantially among studies. The simplest version of d assumes that the standard 
deviations of the two groups are similar, but a version of d can be calculated in circumstances 
where the variances differ (Bonett 2008), or, more simply, the variance of either the sample 
or the standard surface can be used (Glass et al. 1981). d is often adjusted to account for 
small-sample bias; this adjusted value is usually referred to as Hedges’ g (Hedges 1981; 
Cumming 2012). Unfortunately, naming conventions for effect size measures are somewhat 
variable (Cumming 2012; Lakens 2013), so it is always important to be clear about exactly 
what effect size measure has been used and how it has been calculated. For interpretation of d 
values, Cohen (1988) suggested benchmarks representing small (d = 0.2), medium (d = 0.5) 
and large (d = 0.8) effects. However, given the high effectiveness of some antifouling 
surfaces compared to standard surfaces (and therefore high values of d, see examples below), 
these default values are likely to be of little use in antifouling studies. 
The other useful measure of effect size is the log mean ratio (also known as the response 
ratio); this is obtained by dividing the mean of the sample by the mean of the standard, and 
then applying a log transform (Hedges et al. 1999). Like d-family effect size measures, log 
mean ratios can be useful where different experiments use different measures or measurement 
scales. 
There are many other possible effect size measures (Grissom & Kim 2005; Peng & Chen 
2014), although most of these are less likely to be relevant for typical antifouling studies. 
Two very similar measures that are worth noting are the common language effect size 
(McGraw & Wong 1992; Lakens 2013) and the probability of superiority (Grissom & Kim 
2005). These give the probability that a randomly drawn replicate of a test surface performs 
better in a particular test than a randomly chosen replicate of the standard or control surface. 
They are easy to interpret, but are less useful for further analysis, since they reach an 
asymptote when all replicates of one surface out-perform all replicates of the other (when 
CLES or PS = 0 or 1), preventing further differentiation among better or worse performing 
surfaces. Formulas for calculating effect size measures and their confidence intervals are 
widely available in the literature (Nakagawa & Cuthill 2007; Cumming 2012; Kline 2013; 
Lakens 2013; Peng & Chen 2014; Cumming & Calin-Jageman 2016), but manual calculation 
(particularly of confidence intervals) can be complicated, so there are many software tools 
that can be used (Table 2) to facilitate this process.  
[TABLE 2 APPROXIMATELY HERE] 
If they have been calculated in the same way, effect sizes can be compared to assess relative 
performance of different test surfaces, formulations, or antifouling technologies. This may be 
particularly useful for ‘down-selection’ of coatings, where rapid testing of surfaces and 
selection for further tests is the priority. As an example, the SEAFRONT project (Synergistic 
Fouling Control Technologies, http://seafront-project.eu/) involved laboratory and field 
evaluation of a large number of coatings, followed by down-selection of a limited number of 
coatings for additional tests. Conversion of data from each antifouling assay into effect sizes 
allowed comparison of coating performance across the whole project. This informed the 
selection of a small number of candidate surfaces for further testing, but also provided 
additional insights. For assays involving the diatom Navicula incerta (Figure 2) many tested 
surfaces generated results that were similar to those for PDMS, but some technologies were 
clearly superior: one particular series of polymer hydrogels and a series of polymer films with 
incorporated zwitterions outperformed all other surfaces in this assay. However, the 
comparison also showed that the best performing surfaces were some of the earliest stage 
prototypes. All ten coatings that were significantly superior to PDMS (95% confidence 
intervals not crossing the zero line) were early stage prototypes, unsuitable for even short-
term field testing. More mature, field-ready technologies did not show such good 
performance in this assay, illustrating the challenge of combining appropriate surface 
properties with the need to create robust, durable coatings for real-world application.  
[FIGURE 2 HERE]  
A small number of authors have already seen the value of using effect sizes (or similar ideas) 
to compare antifouling surfaces. Dobretsov & Thomason (2011) presented absolute and 
percent differences in the settlement of bacteria and diatoms on two test surfaces; Cordeiro et 
al. (2010) presented diatom adhesion density on two test surfaces as a percentage of that on a 
control surface; Stafslien et al. (2011) included ‘normalised’ differences in fouling-release 
properties relative to a standard surface across multiple assays; while Hibbs et al. (2015) 
explicitly used ‘normalised’ data to compare surfaces that were not tested simultaneously. All 
of these approaches demonstrate thinking in terms of effect sizes, and illustrate two points: 
firstly that effect sizes can be useful in antifouling research, and secondly that there is a lack 
of consistency in how they are applied. Each of these four studies used a different approach 
to normalisation, and in some cases it is not entirely clear how the normalised values (and the 
associated uncertainties, where present) were calculated. 
The use of effect sizes is not limited to data from new experiments; they can be calculated 
using data from published studies. This is simple if the right information is clearly available: 
the mean, sample size and standard deviation for a test surface and an appropriate standard 
(control) surface. If some measure of variation other than standard deviation is supplied 
(standard error of the mean, 95% confidence intervals, etc), these can be converted into the 
standard deviation if the sample size and mean are reported. If one or more of these values 
are missing, effect sizes can still sometimes be calculated or inferred from p-values, t-values 
and other summary statistics (Lakens 2013). Some effect size measures (raw mean difference, 
ratio of means) can be calculated using only the means. However, without the variability and 
sample size, confidence intervals cannot be computed, which limits the value of the data and 
means that they cannot be used for full meta-analysis (see following sections).  
Greatest speed and accuracy is facilitated if information is provided directly in tables or text, 
but visual methods can be used to extract means and error bar lengths from figures. 
Unfortunately, this can be extremely time-consuming, and requires that authors are clear 
about what their error bars represent; while identifying error bar types is regarded as good 
practice (“Rule 1” for use of error bars; Cumming et al. 2007) this basic information is often 
omitted.  
Is inconsistent or unclear data presentation a problem in the antifouling literature? To 
investigate reporting practices, 100 relevant papers were obtained and examined to see 
whether they supplied sufficient information for effect size calculation (see Supplementary 
Material for details of search and selection protocol). Antifouling studies often include 
means, variability measures, and sample sizes for both test samples and an identifiable 
standard surface (Figure 3). However, only half of the studies examined directly provided 
sufficient information to calculate standardised mean differences. In most cases, information 
on means and variability measures was only provided graphically, or in a mixture of text and 
plots, with very few papers providing a complete set of tabulated data (Figure 3e,f). 
[FIGURE 3 HERE] 
Even so, a potentially large amount of data is available from the literature for comparison 
with new experimental data. There is, however, one important limitation to this approach. An 
effect size estimate based on one experiment still carries a high degree of uncertainty, since it 
is merely a single estimate of the true effect size.  Given the low sample sizes often used in 
antifouling assays, this is an important consideration. It is perhaps less of a concern where the 
priority is rapid evaluation or screening of large numbers of prototypes, but it does mandate 
caution when interpreting data more broadly. It also underlines the importance of seeking, 
where possible, to replicate experiments. This is where meta-analysis becomes important. 
Meta-analysis Part 1: integrating data from multiple tests 
It is generally understood that the outcome of a single antifouling test of a surface is not 
definitive. The obvious solution is to repeat assays on multiple occasions when possible, but 
this leaves the challenge of how to interpret or combine results from repeat experiments, 
particularly if apparently contradictory outcomes are observed. Where assays have been 
repeated, it is fairly common practice for publications to simply report the results from a 
single ‘representative’ assay, rather than including all relevant experimental results. Meta-
analysis provides a mechanism for combining the results of multiple tests to generate a 
single, combined effect size estimate, which is usually more precise than that obtained from 
single experiments. This also allows supposedly contradictory results to be reconciled as 
simply more or less accurate estimates of the true effect size. Several software tools exist 
which assist users in carrying out such simple meta-analyses (Table 2). These usually 
generate a ‘forest plot’ displaying the effect size measures and confidence intervals for every 
study or experiment, along with an estimated overall effect size with its own confidence 
intervals (Figure 4). 
Aside from combining data from repeat experiments, meta-analysis can also be used to 
synthesise results from multiple published reports, papers and laboratory studies. To illustrate 
this, data from published papers and some additional laboratory data (see Supplementary 
material) were used to investigate the properties of three commercial fouling-release 
coatings: Intersleek® 700, Intersleek® 900, and Intersleek® 1100SR (produced by 
AkzoNobel), which are sometimes included in antifouling assays for comparison with test 
coatings. While it would be expected that these coatings will differ in real-life performance 
on ships (Intersleek® 1100SR is the newest generation and would be expected to be 
superior), it has been shown that Navicula incerta adheres strongly to low surface energy 
silicone elastomer coatings in laboratory assays (Holland et al. 2004). That this is also true 
for the Intersleek® 900 “fluoropolymer” and Intersleek® 1100SR “advanced fluoropolymer” 
coatings is borne out by the meta-analysis (Figure 4). For all three coatings, the overall 
estimated effect size is relatively close to zero, with confidence intervals clearly overlapping 
zero, indicating similar results to those of the standard (PDMS in this case). There also 
appears to be no substantial variation among the coatings. There is, however some variation 
among studies for all three surfaces. While much of the time the surfaces appear to perform 
similarly to PDMS, sometimes they perform better, and other times worse. While variation is 
expected as a result of sampling error, could known differences among experiments explain 
some of this variation and be accounted for in the meta-analysis? 
In addition to combining results from multiple experiments, meta-analysis allows exploration 
of the influence of additional factors, referred to as moderators. For the percent removal data 
used in the above example, one possibility is that differences in the method of diatom 
removal could account for some of the variation in the study results. Removal experiments 
generally use one of two methods – exposure to shear stress (generally around 20-40 Pa) in a 
turbulent flow cell / flow channel (Schultz et al. 2000), or exposure to impact pressure from a 
water jet (Finlay et al. 2002), often at one of two pressures: 69 and 138 kPa (though other 
values are sometimes used). The type of removal test can therefore be included as a factor in 
the meta-analysis model (See Supplementary material), creating what is referred to as a 
mixed-effects meta-analysis model. For the demonstration data, the mixed-effects analysis 
reveals a significant effect of the moderator (experiment type) for Intersleek® 900 and 
Intersleek® 1100SR, but not for Intersleek® 700 (Table 3). Effect size estimates computed 
for each level of the factor (High pressure waterjet, Moderate pressure water jet, and Flow 
channel) show the relative ease of removal of diatoms from each coating in each type of test 
(Table 3, Figure 5). For all three coatings, when removal is tested using a flow channel or 
moderate impact pressure water jet, the surfaces are not distinguished from PDMS or each 
other.  For the high pressure water jet, however, there appears to be a difference among the 
coatings. Intersleek® 1100SR performs significantly better than PDMS (CIs do not overlap 
zero) and appears to perform better than Intersleek® 700 and potentially Intersleek® 900.  
Using the type of test as a moderator variable allowed separate estimates to be made for three 
different testing methodologies; an effect size estimate is thus available for the type of test 
that most closely matches any future experiment. Researchers carrying out similar tests of 
release of N. incerta from surfaces could use these estimates to compare the performance of 
their test surfaces against the expected release of N. incerta from these commercial fouling-
release coatings.   
This example has also illustrated one of the strengths of meta-analysis; the potential to gain 
additional insights that were not necessarily the aim of the analysis. Here, the goal was 
simply to integrate data from multiple experiments to generate better estimates of antifouling 
properties for some standard surfaces. Meta-analysis, however, also showed that some of the 
variability among experimental results came from differences in testing methods, and showed 
that the high pressure jet was able to resolve differences among surfaces that were not 
apparent using the other methods.  
[FIGURE 4 HERE] 
[FIGURE 5 HERE] 
[TABLE 3 HERE] 
Meta-analysis Part 2: meta-regression and effects of surface variables on antifouling  
Meta-analysis, and in particular the use of moderators to explain variability among studies, 
can be taken further via meta-regression. Antifouling studies often include physico-chemical 
characterisation data, to verify that surfaces display the intended properties, and to explain 
differences in results among different coating formulations. Many factors are known to 
correlate with antifouling and fouling release performance, including (but not limited to): 
water contact angle and surface free energy (Finlay et al. 2010); surface polarity (Di Fino et 
al. 2014); elastic modulus (Sun et al. 2004); coating thickness (Wendt et al. 2006); surface 
roughness (Granhag et al. 2004); and presence and design of engineered surface structure 
(Schumacher et al. 2007). To date, most approaches to understanding the influence of these 
factors on biofouling have involved attempts to alter one variable while holding others 
constant. Such studies cannot entirely guarantee that no other surface properties, apart from 
the variable of interest, have been altered, and these can have substantial effects. For 
example, a recent study of polymer hydrogels (Ventura et al. 2017) appeared to show that the 
addition of sulfobetaine methacrylate, a zwitterionic material widely regarded as having good 
antifouling activity (Zhang et al. 2009; Aldred et al. 2010; Hibbs et al. 2015), reduced release 
of N. incerta under shear stress. Subsequent surface characterisation showed that this was 
most likely to be due to large changes in surface roughness, which were overwhelming the 
expected benefit of the presence of the zwitterion (Ventura et al. 2017).  
Meta-analysis offers an additional means of exploring the effects of surface properties, since 
any measured physico-chemical variables are potential moderators for meta-regression 
models. This can allow use of much larger amounts of data, and comparison of the relative 
importance of multiple surface variables.  To illustrate the potential use of meta-regression, 
an additional meta-analysis was conducted using data from published literature to explore the 
link between contact angle and adhesion of N. incerta (full methods in Supplementary 
material). Fourteen studies from the literature survey described above contained sufficient 
information on the percent removal of N. incerta to calculate effect sizes, along with contact 
angle data for tested surfaces. Meta-analysis identified a significant negative correlation 
between water contact angle and percent removal of N. incerta (Figure 6). This meta-analysis 
used unstandardised mean difference as the effect size measure; this is in the same scale as 
the original measurements so the relationship can be interpreted simply. The slope of the 
modelled relationship is -0.57 [95% CIs: -0.78, -0.36], indicating that the percent removal of 
diatoms from surfaces decreases by approximately 0.6 for every 1 degree increase in contact 
angle. This is in accordance with existing evidence that N. incerta adheres more strongly to 
hydrophobic surfaces. For example, Finlay et al. (2010) created a series of xerogels varying 
in contact angle, and tested adhesion of N. incerta to these surfaces. They observed the same 
trend – a negative correlation between percent removal and water contact angle. The slope of 
the relationship they identified was -0.65 (Figure 4a in Finlay et al. 2010), which is similar to 
that shown here, and well within the 95% confidence intervals of the meta-regression model.  
[FIGURE 6 HERE] 
Furthermore, the point at which the modelled relationship (Figure 6) crosses the x-axis is 
where the contact angle is 92° [95% CIs: 67, 119]. This is the contact angle value for which 
the model predicts performance to be the same as the standard surface (PDMS). Of the 14 
studies used to provide data for this example analysis, six provided contact angle 
measurements for PDMS itself, giving a mean value of 103.8°; this is close to the model 
prediction. 
This is a relatively simplified demonstration analysis, including only one moderator and 
ignoring other sources of variability, but it illustrates the usefulness of meta-analysis as a 
method of synthesising data from multiple studies to facilitate exploration of the effects of 
surface variables on antifouling. This approach could be applied to other surface variables, 
and other antifouling test data. The only limitation is the inconsistent reporting of relevant 
physico-chemical characterisation data. The same set of 100 studies used in the survey of 
data reporting (Figure 3) were used to examine trends in presentation of physico-chemical 
characterisation data in the biofouling literature (Figure 3g). Of the 100 studies examined, 83 
provided some measures of physical or chemical surface properties (excluding data aimed 
only at verifying coating composition). Compared to the antifouling assay data, a much larger 
proportion (45 out of 83) reported surface characterisation data directly in text and tables 
rather than only in figures. Most studies provided contact angle data (80), while fewer than 
half of these used contact angles from multiple fluids to calculate surface energy (37). 
Smaller numbers reported any measure of surface roughness (30), elastic modulus (19) or 
thickness (14), while other surface properties were each reported in fewer than 10 papers. 
This means that it would be harder to gather sufficient data to examine relationships 
involving properties other than contact angle. It is of course entirely understandable that 
measurements are constrained by the availability and cost of relevant equipment, but 
researchers should be encouraged to try to characterise their surfaces as thoroughly as 
possible, to facilitate future meta-analysis.  
Further considerations for meta-analysis  
Systematic reviews and meta-analyses are only useful if they are well designed and carefully 
carried out, otherwise they risk suffering from the same problems as narrative reviews. 
Indeed, the existence of large numbers of poorly executed systematic reviews and meta-
analyses is a problem in some disciplines (Ioannidis 2016). There are also assumptions 
underlying the statistical approaches used in a meta-analysis, and as with any statistical 
testing, the extent to which these assumptions hold should be considered. Many statistical 
methods assume independence of replicate data points, and similarly, standard meta-analysis 
assumes that each effect size measurement included in an analysis is an independent estimate 
of the ‘true’ effect size. If multiple effect size measurements from a single experiment, or 
single study, are included in a meta-analysis, then this assumption is technically violated. 
However, strategies exist for dealing with various types of statistical non-independence, the 
simplest being to either assume that the impact is negligible (‘ignoring dependence’), or to 
only use one effect size per study (‘avoiding dependence’); both of these options are 
obviously problematic (Van den Noortgate et al. 2013). Fortunately, there are also well-
established modern statistical methods (‘modelling dependence’) which can be used with 
non-independent effect sizes (Gleser & Olkin 1994; Gleser & Olkin 2009; Konstantopoulos 
2011; Van den Noortgate et al. 2013). To illustrate how some of these modelling techniques 
can be applied, they were used in the example meta-analyses presented above (see 
Supplementary material for full details). More recently ‘cluster-robust variance estimation’ 
methods have been developed, which can be used where there is statistical non-dependence, 
even when there is insufficient information to use some of the more complex approaches 
(Hedges et al. 2010; Fisher & Tipton 2015; Tipton & Pustejovsky 2015; Tanner-Smith et al. 
2016). Importantly, these methods are somewhat easier to apply (Polanin et al. 2017), 
although they are only available for a limited range of statistical software.  
A further issue that applies to meta-analysis of published material is the possibility of 
publication bias. Positive or exciting findings are more likely to be published, while negative, 
mundane, or corroborative findings are more likely to languish in the ‘file drawer’ and never 
be published (Joober et al. 2012). This presents a problem for meta-analysis based on 
published literature, since biased literature will potentially generate biased summary effect 
size estimates. However, since antifouling tests are often conducted simultaneously on a 
range of surfaces, including some which do not perform well, the field of antifouling research 
may be less prone to publication bias. In any case, there are methods to check for the 
presence of publication bias during meta-analysis (Egger et al. 1997; Sterne & Egger 2001). 
It should be stressed that these concerns are more relevant to large meta-analyses and 
systematic reviews using data from multiple published studies, and should not deter 
researchers from carrying out their own small-scale meta-analyses to combine data from 
repeated experiments on the same surfaces. In any case, just as with primary experimental 
studies, meta-analyses should be comprehensively reported in order to facilitate repeatability 
and to justify any analytical decisions taken.  
The zero problem 
Particularly when testing high-performance antifouling surfaces, it is possible for means and 
variances of zero to be present in the data. For example, it is not unusual for studies of 
barnacle settlement to record zero settlement on at least one surface type (Berntsson et al. 
2000; Dahlström et al. 2004; Fyrner et al. 2011). Zeros introduce two problems. Firstly, they 
create difficulties in the calculation of effect sizes. Log mean ratios cannot be calculated if 
one of the means is zero. If the mean for a sample is zero, standardised mean differences (eg. 
Cohens d) can be strongly inflated, particularly if the standard deviation is also low or zero. 
Aside from potentially creating exaggerated estimates of sample performance, this can lead to 
violation of meta-analysis model assumptions. The second problem with zero values is that a 
zero score in a settlement assay may not always have the same implications. For example, 
zero barnacle settlement in an experiment where settlement was generally low (eg. Figure 1, 
9th Dec 2015) is not as impressive as zero settlement in an experiment where settlement was 
generally high (eg. Figure 1, 15th Sept 2015). A highly effective antifouling surface might 
have zero settlement at all times, but a less effective surface might have zero settlement on 
some occasions, and moderate settlement on others. Of course, this is an issue in all 
antifouling studies, and is not specific to meta-analysis or estimation approaches. Caution 
should always be exercised when interpreting zero values in antifouling data, and where 
possible, experiments should be repeated. 
There are only limited solutions to this problem.  If the standard deviation of the test sample 
is zero, then the standard deviation of the control surface could be used instead of the pooled 
standard deviation when calculating d (Glass et al. 1981). Alternatively, the raw mean 
difference could be used (if appropriate for the data). These options should prevent the 
occurrence of excessively inflated effect sizes, but do not address the underlying issues with 
zeros. It may appear tempting to simply exclude samples with zero values from meta-
analyses, but this will reduce the amount of available data, and systematically excluding the 
best performing samples will introduce bias into any further analyses. For these reasons, such 
selective data removal is not appropriate. The final option is to conduct meta-analyses mainly 
using data from antifouling assays which are less likely to generate zero values. While zero 
settlement is relatively common in barnacle assays, tests using bacteria or diatoms usually 
record some adhesion of cells on surfaces.  
 
Conclusions  
The purpose of this article was to introduce antifouling researchers to the estimation approach 
and the use of meta-analysis methods. For those interested in pursuing these ideas, this 
review should be considered as a starting point, and the following sources are good next steps 
for those wishing to learn more: Nakagawa & Cuthill (2007); Borenstein et al. (2009); 
Cumming (2012); Kline (2013); Lakens (2013); Cumming & Calin-Jageman (2016). While 
this review has used marine antifouling examples to illustrate the ways in which effect sizes 
and meta-analysis could be useful, they are equally applicable to other biofouling contexts. 
There are a few challenges for the application of these approaches to biofouling data: the 
common presence of zeros values, the typically low sample sizes, and the inconsistent 
approach to physico-chemical characterisation of surfaces. On the other hand, there are some 
aspects that make antifouling data ideal material for meta-analysis. There is a large body of 
literature available, and reporting practises are generally good, although there is room for 
improvement in this regard. Importantly, calculation of effect sizes for comparison among 
studies is facilitated by the routine inclusion of standard surfaces. Finally, since antifouling 
tests are often conducted simultaneously on a range of surfaces, publication bias may be less 
of a problem than in other subject areas. It is still important for researchers to bear in mind 
that even ‘disappointing’ results from antifouling tests can be informative, as long as they 
accompany relevant surface characterisation data. Wherever possible, such data should be 
published to make them available to the wider research community. 
 Recommendations 
(1) Antifouling researchers should consider reporting of effect sizes and confidence intervals, 
especially when these could be useful for comparing surfaces tested on separate 
occasions. This does not require any major changes to practice, particularly since these 
methods can be used alongside traditional presentation and statistical testing approaches. 
(2) Where effect sizes and confidence intervals are reported, authors should always be clear 
about what effect size measures have been used and how they were calculated. 
(3) Researchers should explore the use of simple meta-analyses as a tool for combining data 
from repeated tests on surfaces, allowing all assay data to contribute towards publications, 
rather than just reporting representative results. 
(4) Meta-analysed effect sizes from multiple tests of standard surfaces could be used as 
general benchmarks for antifouling testing of experimental surfaces. 
(5) Care should be taken over choices of effect size measures where data contain zeros, and 
consideration given to how best to analyse such data. 
(6) Researchers should follow best practice by making sure that sample sizes are always 
reported, and that the type of error bars used in any plots is clearly stated. The ideal place 
for this information is in figure legends and data tables. 
(7) All researchers should consider providing summarised data from all experiments (mean, 
sample size, standard deviation), or even raw data, as electronic supplementary material 
with their published papers, even if they could be inferred from figures in the paper. 
Given that this facility is widely available at no cost to authors, there is little reason to 
avoid this important contribution to ‘open science’ which would facilitate future meta-
analytic work. 
(8) Researchers should aim to broaden (as much as possible within equipment and funding 
limits) the range of physico-chemical characterisations carried out on samples, even if 
some may not seem directly relevant for specific studies.  
(9) Whenever possible, data on ‘poorly’ performing surfaces should be published, since it can 
be just as informative as that on better performing surfaces.  
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Table 1. Some effect size measures likely to be useful for antifouling studies. Position of sample versus standard 
in the equations is arbitrary and can be reversed as appropriate if the actual formula used is clearly 
communicated. For example, in a settlement-type assay, lower settlement indicates better antifouling 
performance, so the sample mean could be subtracted from the standard mean to give higher values for better 
antifouling performance.  
Measure Calculation Advantages Disadvantages 
Raw mean difference ?̅?𝑠𝑎𝑚𝑝𝑙𝑒 − ?̅?𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 Simplicity 
Same scale as raw data 
Inappropriate where 




measures are used. 
Standardised mean 
differences: ‘Cohen’s 





Useful where mean 
values differ widely 
among experiments, or 
where different 
measures are used. 
Problematic when 
zero values present 
(or very low / zero 
variance) – eg. for 
very high performing 
surfaces. 






Simple to calculate 
Simple to interpret 
(after back-transform) 
Not useful if either 
mean is zero. 
 
‘Common Language 
Effect Size’ or 
‘Probability of 
superiority’ 
CLES: see Lakens 
(2013) 
PS: see Grissom and 
Kim (2005) or Peng and 
Chen (2014) 
Simple to interpret and 
communicate. 
Constrained between 
0 and 1; no 
distinction among 
surfaces above a 
certain level of 




Table 2. Some typical tools for calculating effect sizes and confidence intervals, and conducting meta-analysis. Hyperlinks active at time of publication. Values given for 
effect size measures (and particularly confidence intervals) may differ slightly for sources using slightly different algorithms. Researchers should use consistent and clearly 
identified means of effect size / CI calculation for data analysis. Some resources are intended as companions to a paper, book or course and are best used alongside these. Y = 
Yes, S = Sometimes, N = No. 
Tool Effect 
sizes 





Y S N N Many available. 
Freely accessible. 
Simple to use. 
May only allow single value to be 
calculated at a time. 
May not explain underlying formulae or 
calculation decisions. 







Y S N N Simple to use. 
Generally free. 
Some allow cut-and-paste data entry. 
Formulae can be copied. 
Limited capabilities. 
Some may not allow cut-and-paste entry 
of large datasets 
http://www.cem.org/effect-size-calculator 
https://www.frontiersin.org/articles/10.3389/f
psyg.2013.00863/full - supplementary 
spreadsheet from Lakens (2013) 
ESCI Y Y Y N Good exploration of underlying concepts. Comprehensive teaching tool best 
understood alongside accompanying 
books 








Y Y Y Y Highly flexible. 
Several meta-analysis packages available. 
Free and open-source. 
Comprehensive plotting capability. 
Advanced users can program additional 
functions. 
Steep learning curve for new users Example packages  -  
ES calculation: compute.es 
Meta-analysis: metafor (Viechtbauer 2010) 
For a comprehensive list of meta-analysis 
packages see Polanin et al. (2017) or 
https://cran.r-
project.org/web/views/MetaAnalysis.html 
Other software Y Y Y S Exact capabilities vary across multiple software solutions. 
Includes specialist meta-analysis software (eg. RevMan), 
and modules for general statistics programs (eg. SPSS). 
Cost varies widely (some are freely available). 
Dedicated user interfaces. 
http://community.cochrane.org/tools/review-
production-tools/revman-5  
For detailed consideration of merits of 
different software packages for meta-analysis, 




Table 3. Meta-analysis model outputs for Intersleek® data analysis, showing results for multivariate random 
effects models (no moderators) and multivariate mixed effects models with removal experiment type as a 
moderator (highjet = 138 kPa impact pressure; modjet = 69-81 kPa impact pressure; channel = 20-40 Pa shear 
stress). τ2 estimates the total amount of heterogeneity in the model (for the random effects model) or the residual 
heterogeneity (for the mixed effects model). QM statistic is a test for statistical significance of the moderator (p 
< 0.05 indicates that the moderator is statistically significant). * these estimates have been included even though 
the moderator is not significant.  
Surface Random effects model Mixed effects model including moderator (removal type) 
 τ2 Estimate [95% CI] τ2 QM (df), p Estimates [95% CI] 
Intersleek® 700 4.87 -0.56 [-1.92, 0.81] 3.21 4.38 (2), p = 0.112 *highjet: 0.64 [-0.73, 2.01] 
*modjet: -2.01 [-4.31, 0.28] 
*channel: -1.12 [-3.29, 1.05] 
Intersleek® 900 13.77 0.20 [-2.02, 2.43] 14.24 6.10 (2), p = 0.047 highjet: 2.87 [-0.22, 5.96] 
modjet: -0.52 [-4.16, 3.12] 
channel: -2.84 [-6.90, 1.22] 
Intersleek® 
1100SR 
2.75 -0.082 [-1.16, 1.00] 1.64 26.04 (2), p < 0.0001 highjet: 5.53 [2.49, 8.57] 
modjet: 0.43 [-1.90, 2.75] 





Figure 1. Variability in settlement of Balanus amphitrite cyprids on a consistent substrate, on 16 separate 
occasions. On each occasion, 20 (± 2) cyprids were pipetted in minimal 32 psu artificial seawater into each of 6 
wells of a 24 well plate (costar® 24 well cell culture dish, Corning Inc. NY, USA), with each well containing 2 
ml of 22 µm-filtered artificial seawater. Numbers of cyprids settled in each well were counted after 48 hours. 




Figure 2. Effect size data for 62 candidate surfaces tested during the SEAFRONT project (see Supplementary 
material). Antifouling measure: diatom (Navicula incerta) density after exposure to 20-40 Pa shear stress in a flow 
cell (Schultz et al. 2000): these data were used to calculate effect sizes (Hedges’ g) for each sample versus a 
standard surface (PDMS); error bars show 95% confidence intervals. Positive values indicate superior 
performance compared to PDMS (lower diatom density). Symbols indicate categories for comparison of different 
technology types; to protect intellectual property of SEAFRONT project partners, sample formulation details are 
not provided. Square symbols - early stage prototypes (unsuitable for field tests); Diamond symbols – improved / 
more robust prototypes suitable for field testing; Round symbols – advanced prototypes suitable for full field 
testing, and (hypothetically) real-world application. Dotted line at effect size zero represents equivalent 
performance to PDMS.  
  
 Figure 3. Data reporting behaviour from 100 antifouling studies, showing how many papers included (a) a 
standard surface, (b) clearly identified variability measures, and (c) sample size information. (d) shows how 
many papers presented enough information for effect size calculation: ‘Yes’ indicates a paper that provided 
enough information to calculate Hedges’ g for at least one antifouling measure (mean, sample size and clearly 
identified variability measure for test surface and standard surface), ‘Potentially’ indicates that Hedges’ g could 
have been calculated by making assumptions about the data (eg assuming a typical sample size where none was 
provided). Raw mean difference and mean ratios could have been calculated for most studies, but without 
sufficient information to generate confidence intervals. (e) (f) and (g) show how authors presented data on 
means, variability and surface characterisation (where present); “in text” refers to data provided in main text of 
published papers or in tables. Each block represents one published study. 
  
  
Figure 4. Forest plots showing meta-analyses of combined literature and SEAFRONT project data for 
antifouling performance of three commercial fouling release coatings, using PDMS as the standard surface. 
Underlying data are percent release of N. incerta diatoms during removal tests (see Supplementary material). 
Individual points show effect size estimates (SMD: Standarised Mean Difference, Hedges’ g) and 95% 
confidence intervals for experiments from published studies. Effect size of zero (dotted vertical line) indicates 
equivalent performance to PDMS. Modelled effect size estimates for each coating were generated by 
multivariate random-effects model meta-analysis (details in Supplementary material), Different letters for 
SEAFRONT data denote identifiers for experiments conducted on different dates and have no other 
significance. Removal methods: highjet = 138 kPa impact pressure; modjet = 69-81 kPa impact pressure; 
channel = 20-40 Pa shear stress.  
  
Figure 5. Combined effect size estimates (standardised mean difference, Hedges’ g) generated by mixed-effects 
model multi-level meta-analysis (with test type as a moderator) for three testing methodologies: Triangle = High 
impact pressure (‘highjet’, 138 kPa);  Square = Moderate impact pressure (‘modjet’, 69/81 kPa); and  Circle = 
Shear stress in a turbulent flow channel (‘channel’,  20-40 Pa). An effect size of zero (dashed horizontal line) 
indicates equivalent performance to PDMS, error bars show 95% confidence intervals. 
  
  
Figure 6. Meta-regression of contact angle and effect size (raw mean difference) for Navicula incerta percent 
removal data. Each data point is a surface tested in one of 14 studies (listed in Supplementary spreadsheet). The 
modelled relationship (y = -0.5721x + 52.8615) was significant, p < 0.001. Dashed lines are 95% confidence 
bounds for the modelled relationship.  
 
